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SVMMicroRNAs (miRNAs) are endogenous non-protein-coding RNAs of approximately 22 nucleotides. Thousands
of miRNA genes have been identiﬁed (computationally and/or experimentally) in a variety of organisms,
which suggests that miRNA genes have been widely shared and distributed among species. Here, we used
unique miRNA sequence patterns to scan the genome sequences of 56 bilaterian animal species for locating
candidate miRNAs ﬁrst. The regions centered surrounding these candidate miRNAs were then extracted for
folding and calculating the features of their secondary structure. Using a support vector machine (SVM) as a
classiﬁer combined with these features, we identiﬁed an additional 13,091 orthologous or paralogous
candidate pre-miRNAs, as well as their corresponding candidate mature miRNAs. Stem-loop RT-PCR and
deep sequencing methods were used to experimentally validate the prediction results in human, medaka
and rabbit. Our prediction pipeline allows the rapid and effective discovery of homologous miRNAs in a large
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MicroRNAs (miRNAs) are short, endogenous, non-protein-coding
RNAs that negatively regulate gene expression by complementary
binding to the 3'-UTR regions of their target genes[1]. The identiﬁ-
cation of miRNAs in a wide variety of organisms suggests the
evolutionary conservation of miRNA regulation mechanism [2]. This
conservation characteristics serves as an important criterion for iden-
tifying homologous miRNAs in closely related species [3–6], although
not all miRNAs are evolutionally conserved especially in phylogenet-
ically distinct species. miRNAs function in several important physi-
ological pathways; for example, plant miRNAs regulate development
in embryos, leaves and ﬂoral meristems [7,8], and mammalian
miRNAs participate in developmental regulation [9] but may
contribute to pathogenesis if they are dysfunctional [10].
Establishing a comprehensive miRNA resource would beneﬁt sub-
sequent experimental research on miRNA expression and functional
analysis. However, discovery of miRNAs by experimental approaches is
not an easy task due to their relatively small size and low abundance.
Therefore, several bioinformatics approaches combined with experi-
mental validations have been applied to identify miRNAs from several
species [11–16]. Additionally, some researchers also investigated crossmetazoan or bilaterian conservation of miRNAs to study miRNA
distribution patterns in several metazoan species [6,17–21]. According
to their reports, miRNAs are excellent phylogenetic markers and some
miRNAs are conserved throughout bilaterian evolution.
Previous miRNA identiﬁcation studies have focused on only one
or a few selected organisms. For example, Grad et al. [5] identiﬁed
Caenorhabditis elegans miRNAs, Wang et al. [22] predicted miRNAs
in Arabidopsis thaliana, and Berezikov and colleagues [4] predicted
miRNAs in human. Dezulian et al. [23] has identiﬁed plant miRNAs
and Artzi [24] has recently performed similar research on seven
mammalian genomes. It would be interesting to examine the overall
distribution patterns of miRNAs across the bilaterian animal genomes
to learn more about the expansion of miRNAs. In previous bioinfor-
matic prediction pipelines, including those from our laboratory [3,25],
the ﬁrst step is to predict miRNA hairpin precursors. In these schemes,
candidate hairpins were located in the genomic sequences, and then
the values of many quantiﬁable features were calculated to serve as
criteria to discriminate positive candidates from false ones. Because
of the large number of hairpins predicted from genomic sequences,
this hairpin-based discovery schema is less efﬁcient for large-scale
genomes and needs to be improved.
Recently, many mature miRNA molecules have been cloned and
sequenced using new experimental methodologies. Thus, there are
more than 7,628 identiﬁed animal miRNA entries in the current
version (13.0) of miRBase [26]. Because the sequence conservation
feature of miRNAs in phylogenetically related species is used for all
bioinformatics predictions, we modiﬁed our miRNA discovery pipe-
line by implementing an initial search for homologous mature miRNA
Table 1
Features ofmiRNAandpre-miRNAused inSVM. In the SVMalgorithm,weused10 features
as discriminating indices to distinguish positive candidates from negative ones. These
features belong to either candidate miRNAs themselves or to their precursor hairpins.
Index Features Weight
1 A content of the candidate miRNA 0.003791
2 U content of the candidate miRNA 0.090543
3 G content of the candidate miRNA 0.000079
4 C content of the candidate miRNA 0.045377
5 Score calculated by Srnaloop 0.130303
6 Core mfe of the core hairpin calculated by RNAfolda 0.630418
7 Hairpin mfe of the whole hairpin calculated by RNAfolda 0.660917
8 Ch_ratio: the ratio of core mfe to hairpin mfea 0.020599
9 Coverage rate: degree of overlap between the mature miRNA
and the 26-nt putative miRNAb
0.845463
10 Length of terminal loop 0.014134
a core mfe, hairpin mfe and ch_ratio.According to Zeng's report [50], we divided the
hairpin structure into two parts, core region and whole hairpin. We calculated the mfes
of the core alone and of the entire hairpin (includes both the core plus the stem
extension) and named these variables core mfe and hairpin mfe, respectively. We
divided core mfe by hairpin mfe and named this quotient ch_ratio, which indicates the
fact that core contributes more to hairpin mfe than stem extension does.
b Coverage. Mature miRNAs usually locate at either or both of the two arms of the
hairpin structures and are close to the junction of the stem and terminal loop. We
inferred 26-nt fragments close to the junction as putative mature miRNAs and
concluded that most mature miRNAs overlapped highly with their corresponding
putative ones in our previous report [3]. Therefore, we deﬁned this degree of
overlapping as a new feature, coverage rate. A higher coverage value implies a more
precise prediction of secondary structure.
2 S.-C. Li et al. / Genomics 96 (2010) 1–9sequences in available genomes ﬁrst to increase the prediction
efﬁciency and accuracy. This procedure was used mainly to promptly
locate homologous candidate miRNAs in genome sequences. Subse-
quently, we checked whether or not the sequences adjacent to the
candidatemiRNAs could fold into hairpins.We have implemented this
modiﬁed discovery pipeline to detect mature miRNAs and pre-
miRNAs in 56 bilaterian animal genomes obtained from the UCSC
Genome Bioinformatics web site [27,28]. We then calculated the
values of selected quantiﬁable features from the resulting pool of
potential miRNAs and used them as discriminating indices in a
support vector machine (SVM) algorithm [29]. Using SVM as a
classiﬁer, we identiﬁed an additional 13,091 new orthologous or
paralogous pre-miRNAs, as well as their putative corresponding
mature miRNAs. Our results suggest that miRNA genes are widely
distributed in bilaterian animal species, including planarians, nema-
todes, insects, urchins, sea squirt and vertebrates. In addition, our
results indicate that different miRNAs have distinct distribution pat-
terns among various species.
Results
Discovery of homologous candidatemiRNAs with uniquemiRNA sequences
We obtained 7,628 animal pre-miRNA entries from miRBase 13.0
and grouped them into 1,534 family classes based on their ID andFig. 1. Presentation interface for information regarding candidate pre-miRNAs. All informati
this information based on the classiﬁcation tables of Class or Species.sequence similarity. These 7,628 pre-miRNAs encode a total of 7,939
mature miRNAs, which can be further classiﬁed into 3,861 unique
mature miRNA sequence patterns (see Materials and methods). To
avoid redundant ﬁndings among miRNA classes, we only used these
3,861 unique sequence patterns in the subsequent scan to identify
potential conserved candidate miRNAs in repeat-masked animal ge-
nomes from UCSC.
Using this revised search criterion, we collected 227,349 candidate
miRNAs from the genomes of 56 bilaterian animals after the initial
sequence conservation screening procedure. These candidate miRNAs
were highly similar to the 3,861 unique mature miRNA sequence
patterns, either with a completely identical pattern or with, at most, a
two-nucleotide variation. To examine whether the sequences adjacent
to the candidate miRNAs had the potential for hairpin structure for-
mation, we extracted 200-nucleotide regions centered surrounding
these 227,349 candidate miRNAs as potential miRNA precursors. After
evaluating folding potentials using the Srnaloop program, we identiﬁed
177,002potential pre-miRNAhairpins fromtheoriginal 227,349 regions.
Discrimination of candidate miRNAs by SVM
Following the identiﬁcation of potential pre-miRNA hairpins, we
applied a SVM algorithm to discriminate positive candidates from
negative ones. All of the features used as discriminating indices in
SVM are listed in Table 1. We ﬁrst trained our prediction model with
known animal miRNAs as the positive training set and random ge-
nomic sequences as the negative data set. The resulting 177,002 pairs
of candidate miRNAs and candidate pre-miRNAs were input into the
SVM classiﬁer to discover putative authentic miRNAs based on the
acquired SVM model.
As a result, 22,613 candidate pre-miRNAs were classiﬁed as
positive ones based on SVM scores. As shown in Fig. 1, some candidate
pre-miRNAs may overlap with each other. After further inspecting
their genomic positions, we identiﬁed a total of 13,091 non-over-
lapping candidate pre-miRNAs as our ﬁnal result set, excluding the
known miRNAs. In addition, the potential mature miRNA sequences
present in these candidate pre-miRNAs were also determined. The
sequences of these potential mature miRNAs are homologous to
knownmiRNAs so that they are completely identical to knownmiRNA
or they have at most two-nucleotide variance with known miRNAs.
Therefore, they could be viewed as either paralogous miRNAs or
orthologous miRNAs, where paralogous one denotes its sequences
homology to the knownmiRNAs from its own species and orthologous
one denotes its sequence homology to the known miRNAs from other
species.
These 13,091 candidate pre-miRNAs were assigned unique IDs
according to their genomic positions plus their UCSC Genome Bio-
informatics release version as preﬁxes. These candidates can be ac-
cessed via the web (http://insr.ibms.sinica.edu.tw), and users can
query all information from the species classiﬁcation table or pre-
miRNA class classiﬁcation table. Taking triCas2-26 in Fig. 1 as an
example, it is the26th candidate pre-miRNA in Triboliumcastaneum, andon or candidate pre-miRNAs were listed in our presentation interface. Users may query
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castaneum. There are 17 animal species encoding 37mature miR-276 s,
and these 37 miR-276s can be classiﬁed into nine unique patterns
(Supplementary Fig. 1). Five of these patterns identify the same triCas2-
26 hairpin with high homology (Fig. 1). This result demonstrates the
usefulness of our prediction strategy. Moreover, the “Evo_source”
column indicates that triCas2-26 is a paralogous pre-miRNA, a homol-
ogous miRNA of the known gene tca-mir-276 from the same Tribolium
castaneum species. In the “Species_No” column, the value “17/17”
indicates that there are 17 species carrying the knownmir-276 and the
same 17 species encode known and candidate mir-276 hairpins. In the
“Distribution” column, the value “2/53” indicates that twomir-276 pre-Table 2
Summary of pre-miRNA distribution in 56 animal species. Known pre-miRNAs are reported b
predicted in the 56 animals and homologous to the miRNAs from their own species or othe
Species Known pre-miRNA
(miRBase) [A]
Predicted paralogous
pre-miRNA [B]
Caenorhabditis briggsae 95 56
Caenorhabditis elegans 155 67
Caenorhabditis brenneri 0 -a
Caenorhabditis remanei 0 -
Caenorhabditis japonica 0 -
Pristionchus paciﬁcus 0 -
Apis mellifera 62 50
Tribolium castaneum 55 50
Anopheles gambiae 66 47
Drosophila ananassae 76 50
Drosophila erecta 81 48
Drosophila grimshawi 82 43
Drosophila mojavensis 71 47
Drosophila persimilis 75 53
Drosophila sechellia 78 51
Drosophila simulans 70 44
Drosophila virilis 74 48
Drosophila willistoni 77 42
Drosophila yakuba 80 51
Drosophila melanogaster 152 2
Drosophila pseudoobscura 73 4
Strongylocentrotus purpuratus 45 29
Branchiostoma ﬂoridae 78 95
Ciona intestinalis 34 4
Petromyzon marinus 0 -
Danio rerio 336 41
Fugu rubripes 131 147
Tetraodon nigroviridis 132 65
Oryzias latipes 0 -
Gasterosteus aculeatus 0 -
Xenopus tropicalis 184 28
Anolis carolinensis 0 -
Taeniopygia guttata 0 -
Gallus gallus 474 79
Ornithorhynchus anatinus 331 57
Monodelphis domestica 119 142
Dasypus novemcinctus 0 -
Erinaceus europaeus 0 -
Echinops telfairi 0 -
Sorex araneus 0 -
Tupaia belangeri 0 -
Canis familiaris 321 92
Felis catus 0 -
Equus caballus 0 -
Bos taurus 356 19
Loxodonta africana 0 -
Oryctolagus cuniculus 0 -
Cavia porcellus 0 -
Mus musculus 547 509
Rattus norvegicus 286 132
Callithrix jacchus 0 -
Otolemur garnettii 0 -
Macaca mulatta 463 96
Homo sapiens 706 102
Pan troglodytes 594 52
Pongo abelii 0 -
a Non-applicable.miRNAs are found in Tribolium castaneum and a total of 53mir-276 pre-
miRNAs are distributed among 86 species examined. The detailed
genomic context (intergenic, intronic or exonic distribution) can be
further accessed by linking to the UCSC genome browser via the
hyperlink at the “precursor start” column. The “mature range” column
shows the distribution boundaries of the candidatemiRNAswithin their
hairpin precursors.
We also calculated the numbers of known pre-miRNAs, candidate
orthologous pre-miRNAs and candidate paralogous pre-miRNAs in
all species. As shown in Table 2, Caenorhabditis briggsae had a total
of 171 pre-miRNAs, including 95 known ones, 56 paralogous and 20
orthologous pre-miRNAs.y miRBase 13.0; predicted paralogous and orthologous pre-miRNAs are the pre-miRNAs
r species, respectively.
Predicted orthologous
pre-miRNA [C]
Total pre-miRNAs
[A+B+C]
Genome version
20 171 cb3
12 234 ce6
66 66 caePb2
61 61 caeRem3
54 54 caeJap1
30 30 priPac1
21 133 apiMel2
17 122 triCas2
234 347 anoGam1
79 205 droAna3
63 192 droEre2
136 261 droGri2
166 284 droMoj3
86 214 droPer1
80 209 droSec1
84 198 droSim1
133 255 droVir3
187 306 droWil1
88 219 droYak2
46 200 dm3
98 175 dp4
72 146 strPur2
48 221 braFlo1
11 49 ci2
86 86 petMar1
282 659 danRer5
70 348 fr2
221 418 tetNig1
273 273 oryLat2
483 483 gasAcu1
82 294 xenTro2
195 195 anoCar1
242 242 taeGut1
26 579 galGal3
142 530 ornAna1
193 454 monDom4
259 259 dasNov1
195 195 eriEur1
276 276 echTel1
146 146 sorAra1
998 998 tupBel1
213 626 canFam2
286 286 felCat3
541 541 equCab1
179 554 bosTau4
304 304 loxAfr1
354 354 oryCun1
561 561 cavPor3
105 1161 mm9
216 634 rn4
453 453 calJac1
337 337 otoGar1
248 807 rheMac2
78 886 hg18
171 817 panTro2
583 583 ponAbe2
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To provide a comprehensive comparison of pre-miRNAs among
different species, we examined the pre-miRNA distribution densities
in 56 species. As shown in Table 2, the numbers of miRNAs identi-
ﬁed in worm and ﬂy were approximately 150 and 100, respectively.
There was a large number of miRNAs (approximately 300) in ﬁsh.
Interestingly, Strongylocentrotus purpuratus and Ciona intestinalis had
only 146 and 49 pre-miRNAs identiﬁed, respectively. Such low
numbers of miRNA population in some species may also reﬂect the
incompleteness of scaffold assembly in these species. There were
fewer miRNAs identiﬁed in amphibians, birds and older mammals.
The number of miRNAs expanded in rodent to approximately 500 toFig. 2. The distribution patterns of predicted and known pre-miRNAs in 56 different speci
miRNAs), green pixels (only candidate pre-miRNAs) and white pixels (neither known nor ca
Use of this comprehensive presentation facilitates the study of miRNA evolution patterns.600. In higher mammals, the number of miRNAs was maintained at
600 or greater. This observation somewhat correlates with the gene
numbers in genomes, implying the possibility of miRNA-mediated
regulation of gene expression. Since the genome assembly is not
completed in several species, the distribution numbers might be
adjusted in future revision.
To understand miRNA distribution among various species, we
examined the distribution patterns of different miRNA classes. As
shown in Fig. 2, the pixels in the lsy-6 class row are represented by
four distinctive colors: blue, green, red and white. The blue pixels
indicate that known lsy-6 class exists in ce6 (Species index: 02,
Caenorhabditis elegans), and the green pixels indicate that candidate
lsy-6 class exists in caePb1 (Species index: 03, Caenorhabditises. The blue pixels (known pre-miRNAs), red pixels (both known and candidate pre-
ndidate pre-miRNAs) show the occurrence of pre-miRNAs in the corresponding species.
5S.-C. Li et al. / Genomics 96 (2010) 1–9brenneri). The red pixels show that both known and candidate lsy-6
class exists in cb3 (Species index: 01, Caenorhabditis briggsae), while
the white pixels show that neither known nor candidate lsy-6 class
exist in other rest species. Fig. 2 also illustrates another important
observation, namely that certain miRNA classes are conserved from
worm to human; these include mir-1, mir-7, mir-9, mir-10, mir-31,
mir-33, mir-34, mir-92, mir-100, mir-124, mir-125, mir-133, mir-137,
mir-184, mir-190, mir-210, mir-219 and mir-297. However, some
miRNA classes occurred only in speciﬁc groups of species. For example,
mir-3, 4, 5 and 6 are only found in Drosophila. Likewise, lin-4, lsy-6,
miR-35 to 70 and a few others are speciﬁc to worm species.
Most of the miRNAs were shared across species, but of the initial
1,536 classes, there are 494 miRNA classes found in only one species
among all 86 metazoan species. These could represent linage-speciﬁc
miRNA classes. Alternatively, some of these miRNA sequences could
be generated from previous false-positive experimental or bioinfor-
matics results. Our data potentially could lead to future rigid exam-
ination of miRNA discovery and expression.
Validation of candidate miRNAs
After classiﬁcation with SVM, we identiﬁed a total of 13,091 non-
overlapping positive candidate pre-miRNAs. To assess the discovery
sensitivity of our pipeline, we examined how many known pre-
miRNAs were detected in this set and excluded them to construct the
ﬁnal result set, which included 13,091 candidate pre-miRNAs. To
make the comparison more precise, we selected 15 species with
identical genome assembly versions in miRBase 13.0 and our dataset.
This excluded few numbers of known pre-miRNA records without
genomic locations from the miRBase. Examining the exact genome
coordinates as positive hits made the comparison of discovery. As a
result, our pipeline detected 3,900 known miRNAs from raw genomic
sequences, and the overall pipeline performance was 84.3% (3,900 out
of 4,624 reported in miRBase). We believe that our pipeline
performed well in detecting reported miRNAs in miRBase from raw
genome sequences, even considering that we have to encounter theFig. 3. Expression analysis of predicted orthologous human miRNAs in human cell lines. (A)
were ampliﬁed by the stem-loop RT-PCR procedure, and the known human miR-16 was u
indicated in parenthesis. Cell line legends are as follows: Huh7 (human hepatoma cell line)
(human embryonic ﬁbroblast). ntc: negative control of the PCR reaction without the additio
speciﬁc stem-loop RT primers. (B) Sequencing results of miRNA PCR amplicons. The predicvarious genome sequence quality and contig assembly completeness
issues in different species.
In this study, 78 candidate orthologous human miRNAs, including
37 miRNA classes, were discovered using known unique miRNA
sequence patterns from other species. Recently, stem-loop RT-PCR
technology [30] has been applied not only in detecting the expression
of known miRNAs but also in validating novel miRNAs[11,12,14,16].
Therefore, we selected nine of them for experimental validation using
stem-loop RT-PCR technology. Following the small RNA extraction and
stem-loop RT-PCR experiment conformation, six miRNAs (miR-265,
miR-250, miR-343, miR-461, miR-670, miR-683, miR-764) were
detected and the RT-PCR product sequence was conﬁrmed in human
cell lines (Fig. 3 and Supplementary Table 1). Since some miRNAs are
expressed at certain developmental stages or tissues, the three
predicted miRNA candidates that failed to be detected in our cancer
cell line samples might be validated using additional samples or
methods. In addition, wewere able to identify expression evidence of
a new orthologous miR-705 class miRNA (hg18-78) from the human
ES cell MPSS dataset [31]. This observation indicated that our cross-
evolution prediction pipeline is useful for discovering conserved
homologous miRNAs.
Recently, deep sequencing methods have been applied in large-
scale miRNA identiﬁcation research projects [31,32]. In this study, we
selected rabbit (Oryctolagus cuniculus) and medaka (Oryzias latipes)
for small RNA library construction and sequencing validation with
the SOLiD platform. Originally, our pipeline identiﬁed 273 medaka
pre-miRNAs from the pipeline; in rabbit, 354 rabbit pre-miRNAs were
predicted. Using the BLAST program, we then use the predicted
mature miRNA sequences to search against deep sequencing reads to
conﬁrm their expression in medaka and rabbit. To ensure the match
reliability, we deﬁned a matched candidate mature miRNA as 100%
identical to the SOLiD reads. Under such stringent criterion, most of
our predicted miRNAs were still conﬁrmed to be expressed. Further
presenting the result in terms of pre-miRNA, 79.9% (218 out of 273)
medaka candidate pre-miRNAs have mature miRNAs conﬁrmed with
SOLiD reads; in rabbit, 59.3% (210 out of 354) candidate pre-miRNAsSelected predicted orthologous human miRNAs (miR-265, 343, 461, 670, 683, 764-5p)
sed as an internal control for PCR reaction. The respective orthologous miRNA class is
, HR (human gastric cancer cell line), HeLa (human cervical cancer cell line) and 293 T
n of cDNA templates. RT-c: negative control of the PCR reaction without the addition of
ted mature miRNA sequences are indicated as underlined sequences.
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medaka and rabbit candidate miRNAs can be validated using se-
quencing data even under stringent validation criterion.
After acquiring the number of readsmatching eachmaturemiRNA,
we may infer the read abundance of each mature miRNA and pre-
miRNA. Here, read abundance can serve as a measurement of ex-
pression level of each miRNA gene. In Supplementary Table 2 and 3,
we listed the expression level for each medaka and rabbit candidate
pre-miRNA, using expression evidence from SOLiD reads. After ac-
quiring the read abundance information, we found that the ex-
pression levels of different miRNA classes differ dramatically. In
Supplementary Table 4, we ranked miRNA class based on the SOLiD
read abundance and listed the ﬁrst 30 abundant classes. In medaka,
the 30most abundant classes account for 91.79% of total medaka reads;
in rabbit, they account for 97.24%of total rabbit reads. This phenomenon
is consistent with previous reports that indicate the expression of
miRNA genes is usually dominated by several miRNAs [33].
Discussion
From the recent efforts in large-scale miRNA sequencing and dis-
coveryprojects, thenumber ofmiRNAs reported inmiRBasehas reached
approximately 9,500. miRBase serves as a reliable and accurate foun-
dation for searching miRNAs conserved among species. Using these
reported miRNA sequences, we established a comprehensive set of
homologous miRNAs in 56 bilaterian animal genomes. This set of
miRNAs is valuable information for scientists interested in the distri-
bution patterns of miRNAs and discovering new miRNAs in many
different species. Further functional experiments are still required to
validate these previously unidentiﬁed miRNAs in various species.
Before our study, many researchers had also developed methods to
identify miRNA genes in animals or plants [23,24,34–36]. In general,
most of them required the use of known pre-miRNA hairpin sequences
to search against genomic sequences to locate candidate pre-miRNAs.
However, miRNA genes are mainly conserved at the mature miRNA
regions. Sequence variations among miRNA classes are often found in
the terminal loop and the ends of precursors, suggesting that there is no
constraint outside the shortmaturemiRNA regions. This ismore evident
between remotely related species. Our approach described here can
greatly improve the detection efﬁciency in many animal genomes by
using only the mature miRNA sequence patterns instead of the entire
hairpin sequences. Because the use of precursor hairpin sequences
would decrease the detection sensitivity by including the more
diversiﬁed regions (Supplementary Fig. 2), using the unique miRNA
sequence patterns would greatly increase the detection coverage in
addition to reducing redundancy. In our present study, we effectively
discovered large numbers of miRNAs in 56 animal genomes across
animal development using the unique sequence patterns of mature
miRNAs.
Grad et al. ﬁrst developed their computational method, relying on
sequence conservation and structural similarity, to predict 214
candidate miRNAs from C. elegans genome [5]. Like many prediction
works [23,24,34–36], they also adopted stepwise ﬁlters based on many
features to exclude false candidates step by step, which assumes that
these ﬁlters and features act independently and contribute equally to
the prediction result without overall consideration. Biologically speak-
ing, some features contribute more and some less. Our method, clas-
siﬁcation with SVM, takes an overall consideration between these
features with different weights. Moreover, in the study by Grad et al.,
four out of 20 selected candidates can be detected with a Northern blot
assay; ten out of 54 candidates can be conﬁrmed with a PCR approach
[5]. In our study, six out of nine selected human candidates can be
conﬁrmed with stem-loop RT-PCR and more than 50% of rabbit and
medaka candidates can be sequenced, even under the stringent perfect
sequence match criterion. Such comparison shows that our study is
comparable with that of Grad et al.However, using the whole-hairpin sequences, such as let-7, could
still identify a few highly conserved miRNAs. Hentel et al. identiﬁed
about 1,000 new miRNA genes in animal genomes by using the
sequences of known pre-miRNAs as a query and searching for se-
quential homologs in other genomic sequences [34]. They reported
certain miRNAs speciﬁc to earthworms that might be related to the
advent of bilaterian species genomes. Two additional expansions of
miRNA classes were identiﬁed in vertebrates and placental mammals.
Our study here has greatly improved the coverage and genome sizes
by using mature miRNA core regions instead of entire hairpins.
Using the conservation feature as an initial screen greatly in-
creased the accuracy of miRNA prediction. In addition, the use of
unique miRNA sequences decreased the redundancy for the predicted
candidate hairpins. Interestingly, the boundaries of mature miRNAs
usually vary among different species, but the central region is highly
conserved. Using miR-276 as an example, we could not deﬁnitively
determine what type of miRNA, aga-miR-276-5p, dgr-miR-276*, tca-
miR-276, tca-miR-276* or dme-miR-276*, may be encoded by the
predicted triCas2-26 precursor hairpin. The mature miRNA encoded
by triCas2-26 could be validated experimentally.
Although we used repeat-masked genomes for candidate miRNA
identiﬁcation, we still found some high-frequency occurring miRNA
classes. For example, mir-669, mir-680 and mir-1187 have 22, 214 and
70 occurrences in mouse, respectively; mir-574, mir-297 and mir-1187
have 457, 128 and 107 occurrences in Tupaia belangeri, respectively.
These high-frequency class pre-miRNAs bring high distribution densi-
ties to these two species, but still trigger a doubt as to whether they
belong to repeat elements rather than functional miRNAs. Considering
the fact that some known pre-miRNAs can also be recognized as repeat
elements by RepeatMasker (Supplementary Table 5), we cannot
deﬁnitively conclude that all of these high-frequency candidate pre-
miRNAs are repeat elements rather than pre-miRNAs. Borchert [37] and
colleagues discovered that human miRNAs are interspersed among Alu
elements and other repeat elements and could be transcribed by RNA
polymerase III. It is possible that some of the repeat elements have the
potential to generate miRNAs. Or, these high-frequency candidate pre-
miRNAs could be repeat elements that are not included in Repbase
library so that they cannot be recognized by RepeatMasker[38,39].
Whether these repeat-like known pre-miRNAs and candidate pre-
miRNAs are non-functional repeat elements or functional miRNA
precursors requires further experimental validation.
The comprehensive discovery of miRNAs and a user-friendly
display interface will allow researchers to examine miRNA classes
with increased conﬁdence. Our presentation interface enables users to
compare the miRNA distribution patterns among several speciﬁc
species, such as six ﬁsh species (Supplementary Figs. 3 and 4). As
illustrated in Supplementary Fig. 4, many known pre-miRNAs, in-
cluding let-7, mir-1, mir-7 and mir-9, exist in the three ﬁsh Danio
rerio, Fugu rubripes and Tetraodon nigroviridis. They are also predicted
to distribute in three other ﬁsh, Petromyzon marinus, Oryzias latipes
and Gasterosteus aculeatus. Because of the high speciﬁcity (98.2%) and
the close phylogeny of ﬁsh, we are conﬁdent that P. marinus, O. latipes
and G. aculeatus can also encode these miRNAs. By referring to the
sequences of these miRNAs in the ﬁsh genome, researchers may
design northern probes or stem-loop RT-PCR primers to detect these
miRNAs in these ﬁsh. In fact, as shown in Supplementary Table 3, we
found strong expression evidence of let-7, mir-1, mir-7 and mir-9
classes from SOLiD reads in medaka (Oryzias latipes).Conclusion
In this report, a bioinformatics pipeline was applied to discover the
existence of miRNAs in 56 bilaterian animal genome sequences,
including many species without known miRNAs. By using the se-
quences of known animal miRNAs, we identiﬁed 13,091 new miRNAs
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conﬁrmed with deep sequencing methods or stem-loop RT-PCR.
Materials and methods
Classifying animal miRNAs into family classes based on sequence
similarity
We downloaded all animal miRNAs from miRBase 13.0 and
classiﬁed them with the same integer ID into the same class without
considering species preﬁx, alphabet sufﬁx, 5p, 3p or * sufﬁx. For
example, as shown in Supplementary Fig. 1, there are 37 mature
miRNAs with the same integer ID 276 and they belong to 17 species.
We classiﬁed them into the mir-276 class according to the rule
described above. Further checking their sequences, we found nine
sequential unique patterns. For each sequentially unique pattern, we
selected the underlined one as representative. As a result, all miRNAs
were classiﬁed into 1,534 classes and we identiﬁed 3,861 unique
miRNA sequences as query sequences to identify the conserved
candidate miRNAs in animal genomes.
Genomic sequences from UCSC Genome Bioinformatics web site
We downloaded the repeat-masked genomic sequences from the
UCSC Genome Bioinformatics web site. To date, genomic sequences
for 56 animal species are available from UCSC Genome Bioinformatics.
The released versions of the genomic sequences for all analyzed
species are listed in Table 2. According to miRBase 13.0, there are 64
reported animal species encoding miRNAs. In our analysis, 34 of these
species were also included. In total, the miRNA information from 86
different animal species was used in this study. Among these, 30
species have only the known miRNAs, 34 species have both known
miRNAs and predicted miRNAs (either orthologous or paralogous),
and 22 species have only predicted miRNAs.
Conservation ﬁlter: using mature miRNAs to locate candidate miRNAs
We used 3,861 unique miRNA sequences to search against the
repeat-masked genomic sequences of 56 bilaterian animal species
downloaded from UCSC Genome Bioinformatics. Based upon the
miRBase classiﬁcation, the most well known public database collect-
ing miRNA information, the criterion for a blast hit is as follows. For
query sequences of the miRNAs without any alphabet sufﬁx (for
example, let-7, miR-106), if a blast hit had, at most, a 2-nt variance
with the query sequences, it was regarded as a candidatemiRNA. For a
miRNA with an alphabet sufﬁx (for example, let-7a, let-7b, miR-106a
or miR-106b), we required a candidate miRNA to be completely
identical to the sequences of these query miRNAs. Following this
criterion, we ensured that our candidate miRNAs were sequentially
homologous to known animal miRNAs. In total, we identiﬁed 227,349
candidate miRNAs, highly similar to the sequences of the 3,861
miRNAs, in 56 bilaterian animal species genomes.
Folding the sequences adjacent to candidate miRNAs using Srnaloop
During miRNA maturation, the full-length miRNA gene transcript
needs to form a hairpin (stem-loop) structure. The secondary
structure is folded via intra-molecular base pairing and has been the
most signiﬁcant criterion for computational identiﬁcation of miRNAs
[4,40–42]. We fetched the 200-nt sequence regions centered
surrounding the 227,349 candidate miRNAs as potential miRNA
precursors, which were further folded using the Srnaloop program.
[41]. The optimized parameters for Srnaloop were the default values
with the exception of the “-l 110” and “-lml 10” parameters adjusted
for miRNAs. These parameters are speciﬁc for identifying hairpins for
which the entire length and the terminal loops are up to 110 bases andnot shorter than 10 bases, respectively. In addition, the “-t 20”
parameter demanded a score cutoff of 20 for these identiﬁed hairpins.
As a result, we located 177,002 potential hairpins from 227,349
regions. These located hairpins, together with their corresponding
candidate miRNAs, were further investigated to determine if they
were authentic miRNAs.
Support vector machine classiﬁer and model training
SVM is one type of machine learning technique used for
classiﬁcation and regression and was originally developed by Vapnik
based on statistical learning theory [29]. In the present study, we
formulated our problem as a binary classiﬁcation problem, positive or
negative, and used LIBSVM [43,44] to derive the core algorithm. Here,
according to the characteristics of our training features, we chose to
use the radial basis function (RBF) kernel implemented in LIBSVM as
shown in Supplementary Fig. 5. We used 10 features, listed in Table 1,
as SVM indices to discriminate positive from negative candidates in
this study. These features are based on our previous studies [3,25]
and many of them have also been adopted by other reports [6,16,24,
45–48]. In miRBase 13.0, there are 7,628 animal pre-miRNAs and
7,939 mature miRNAs, comprising 8,844 pairs of miRNAs and pre-
miRNAs. To avoid noise from possible wrongly predicted miRNAs, we
selected only 4,144 experimentally conﬁrmed pairs of pre-miRNAs
and miRNAs and 4,144 random sequence pairs as a positive set and a
negative set, respectively, to train the SVM. To identify an optimal
parameter setting for RBF kernel, we used 10-fold cross-validation on
our training data; the accuracy was 94.98% and the area under curve
(AUC) was 99.05% (Supplementary Fig. 6), when C = 2048 and
gamma = 0.03125.
However, it is more difﬁcult to assess the true system speciﬁcity
because there is no true negative dataset available for miRNA
prediction. Owing to this, some researchers adopted large numbers
of random genomic sequences [49], including our previous study [25].
With low probability, such random sequence dataset could still carry
miRNAs, but we have no means to verify them. To generate a more
conﬁdent negative dataset here, we ﬁrst used randomly selected
protein coding sequences (CDS) since there are no reports about
miRNA locating at CDS regions. We ﬁrst downloaded all animal
reference sequences of RefSeq 35 from NCBI. Then we extracted the
CDSs of the reference gene with NM accession numbers. Finally, we
collected 227,349 200-nt random sequences from the CDSs as a
negative control dataset. After foldingwith Srnaloop and classiﬁcation
with SVM under the same parameters as previously described, we
achieved an average speciﬁcity of 98.2% from three independent
experiments.
We also used the regions immediately upstream of knownmiRNAs
as the negative dataset for testing speciﬁcity. Since miRNAs some-
times exist as gene clusters, we selected 10,000 base pairs upstream
of 4,624 known miRNAs with identical genome versions in miRBase
and our UCSC dataset as the negative dataset. As a result, a speciﬁcity
of 96.9% was obtained following the folding with Srnaloop and
classiﬁcation with SVM classiﬁer. This number is similar to the CDS
negative dataset described above.
RNA extraction from cell lines and tissues
Total RNA was extracted from cultured cells and tissues using
Trizol (Invitrogen) according to the manufacturer's protocol. Human
tumor cell lines (Huh7, HR, HeLa and 293T) were cultured in D-MEM
medium containing 10% fetal bovine serum and collected for total
RNA extraction. Whole-body RNA was extracted from a male/female
pair of medaka (Oryzias latipes). Eleven different tissues and organs,
including heart, brain, lung, liver, spleen, stomach, intestine, colon,
pancreas, ovary and skeletal muscle, were collected from rabbit
(Oryctolagus cuniculus) and used for RNA extraction.
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Pooled total RNA from the whole body of medaka or rabbit was
used for small RNA library construction and direct sequence analysis
following manufacture's guidelines (ABI SOLiD system). As a result,
we collected 46 M and 35 M initial sequence reads from medaka and
rabbit small RNA libraries, respectively. Following the mapping of
reads to the genomic locations, we then had the predicted medaka
and rabbit mature miRNA sequences search individually against the
medaka and rabbit SOLiD reads using the BLAST program. For a
positive BLAST hit, we demanded that these mature miRNAs must be
completely identical to the SOLiD reads beginning at the ﬁrst
nucleotide of both miRNA and read, as suggested in a previous report
[31]. By doing so, we could conﬁdently conﬁrm the expression of
putative predicted miRNAs and further measure the expression levels
of candidate mature miRNAs by the read counts.
miRNA validation with the stem-loop RT-PCR method
For the stem-loop RT-PCR assay small RNA was further enriched
from total RNA using the mirVana miRNA isolation kit (Ambion).
Small RNA pellets were dissolved in RNase-free water. The RNA
quality was analyzed by 1% (v/v) agarose gel and quantiﬁed with a
nano-drop spectrophotometer (ND-1000). Small RNA (0.5 µg) from
each cell line was reverse transcribed with 20 nM miRNA-speciﬁc
stem-loop RT primers for each miRNA and SuperScript III Reverse
Transcriptase (Invitrogen). The reaction was performed with the
following incubation conditions: 16 °C/30 s, 42 °C/30 s and 50 °C/1 s
for 50 cycles. The enzymewas subsequently inactivated by incubation
at 85 °C for 5 min. The resulting cDNA was used as a template in
subsequent PCR reactions. Speciﬁc stem-loop RT primers and PCR
primers were designed according to all of the selected human mature
miRNAs (Supplementary Table 1 and 6). PCR reactions were
performed as follows: 94 °C for 2 min, followed by 36 or 40 cycles
of 94 °C/30 s, 60 °C/30 s, 70 °C/5 s. PCR products were analyzed using
gel electrophoresis (4.0% agarose/TAE buffer). The sequences of the
miRNA amplicons were determined by cloning the PCR product into
TA cloning vectors (Invitrogen) according to the manufacturer's
protocol. The expression of human mir-16 miRNA was used as an
internal control.
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